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This study analyzes the extent of downward bias in the calculation of inequality of opportunity for continuous outcomes such as income. A typically recognized source of bias is the unobserved circumstances as there is a limited set of variables available in household and labor force surveys. Another previously overlooked source is the likely unobservable nature of top incomes. Using Monte Carlo simulations where the underlying inequality of opportunity is predetermined at various levels, the study presents three key findings. First, the omission of a relevant circumstance can bias the inequality of opportunity estimate by as much as 80 percent, depending on how much variation of the outcome such circumstance explains. Second, not observing the top 5 percent of the income distribution can lead to downward biases of anywhere between 12 and 35 percent, and the combination of missing the most favored population and even one relevant circumstance exacerbates the bias of the empirical estimates. The third key result is that the estimated inequality of opportunity is strongly correlated with the amount of variation in the outcome variable explained by the combination of circumstances (measured by the R2). This result suggests that in empirical applications, the inequality of opportunity estimate can be roughly (and quickly) approximated using simple econometric techniques.
Introduction
Income inequality has become firmly placed at the center stage of economic and policy debate. The reasons for this are the current discussions of how long-term welfare disparities have evolved over time and may continue on such a path (Piketty, 2014) , the evidence on large concentrations of wealth in few individuals (OXFAM, 2014) , and inequality's role in fueling discontent in several contemporaneous social movements (Los indignados in Spain, the Occupy protests in USA, the events in the middle east region that became known as the Arab Spring). 1 However, understanding inequality in income, consumption or other such outcomes 2 and the role of policy in addressing it is itself subject to debate because not all inequality can be unambiguously deemed objectionable. On one side, if we take two individuals who exert different levels of effort, whomever exerts higher effort (demonstrated by attaining higher educational levels or working more) should be able to reap higher economic rewards, for instance, in the way of higher incomes. Inequality in this way then, is necessary to produce the right incentives to promote economic development. In contrast, following an egalitarian ethical point of view, inequalities originated in factors beyond individuals' responsibility are inequitable and must be compensated by society (Peragine, 2004) . Moreover, this type of inequality may lead to reduction in economic growth as it favors human capital accumulation by individuals with better social origins rather than by individuals with more talent or skills.
3 This reasoning is not only a theoretical artifact. People do make a distinction between circumstances and efforts when judging distribution of outcomes such as income (Ramos and Van de Gaer, 2012) .
Arguably, policy makers aiming to reduce inequality should not focus on the inequality caused by choices that individuals can be held responsible for, but instead address the inequality due to circumstances that prevent a "level playing field", circumstances upon which an individual happens to be born into but ultimately affect her available development life paths. Roemer (1993 Roemer ( , 1998 has coined the term inequality of opportunity (IOO) to distinguish between inequality due to differences in circumstances beyond an individual's control and inequality of effort (IOE). IOE is inequality caused by choices an individual can be held responsible for. If focus is on IOO 1 People participating in these social movements share the perceptions of rising inequality and decreasing economic mobility -"when Occupy Wall Street sprang up in parks and under tents, one of the many issues the protesters pressed was economic inequality" (see http://www.nytimes.com/2013/09/14/opinion/blow-occupy-wall-street-legacy.html). Statements about income inequality perceptions of Occupy movement's participants can be found in http://topics.nytimes.com/top/reference/timestopics/organizations/o/occupy_wall_street/index.html. Documentation of Los indignados movements can be found in http://elpais.com/tag/movimiento_indignados/a/. 2 Other types of inequality such as access to reliable health services are clearly important for the development of the individual. An example of consequences from this type of inequality has been documented in the USA: infant mortality in USA has been linked to inequality at time of birth -infants born to non-white, non-college-educated, non-married US mothers have higher probabilities of post-neonatal mortality (Chen et al., 2014). instead of inequality in outcomes, then public policies can be reframed. That is, instead of aiming for a policy that equalizes outcomes, public policy makers may put their efforts into designing a policy aiming to nullify, to the greatest extent possible, the effect of circumstances on outcomes, but allowing outcomes to be sensitive to individuals' effort (Roemer and Trannoy, 2013) .
By distinguishing between unchosen circumstances and individual choices, equal opportunity theorists have shifted the focus to the individuals' responsibility. Implicit in this approach is the view that an optimal public policy must find an equilibrium between re-allocating initial resources and respect individuals' free will. Thus the goal of a policy must be to equalize what is available to individuals at the beginning of their journey -not at the end. Where and how individuals end up is their responsibility and the society should not interfere in this realm. Notice that, from this point of view, inequality in outcomes is neither desirable nor undesirable -i.e. the inequality of opportunity theory has no aversion to inequality in outcomes (see Roemer and Trannoy, 2013) .
Despite the fact that the interest in inequality of opportunity has been fueled by the recent debate on whether large concentrations of wealth in few individuals is due to overcompensation of effort (e.g. Piketty, 2014) , Roemer and Trannoy (2013) have highlighted that the theory of equal opportunity is not intended as a theory of distributive justice. They offer two reasons. A first one points the pragmatism behind this theory: this theory does not provide general rules to decide what people are responsible for. Practitioners infer the circumstances, and implicitly the effort, according to what they think a particular society rewards or punishes. A second reason refers to the recognition that this theory does not provide a view on what the proper rewards to effort consist in. That is, the theory of equal opportunity has no stand on the debate on whether individuals are compensated too much or too little.
Thus, after decades of being mostly theoretical, the literature on IOO has become very empirical. IOO has been analyzed in a wide array of realms such as income distribution, income taxation, health conditions, health care, educational achievement, and anti-poverty policy. 4 This rapidly growing empirical literature is based on the work by Bourguignon et al. (2007) , Paes de Barros et al. (2009), and Gignoux (2011) . In short, for a given outcome, IOO can be obtained as a ratio of the inequality between groups or "types" of individuals to the overall observed inequality. Between-group inequality is calculated as the inequality across types of individuals, where a type results from intersecting categorized variables that capture circumstances beyond an individual's control. The number of types in specific applications depends on the number of categories into which each circumstance is divided. When the types of individuals have been correctly defined-i.e. all relevant circumstances and categories have been taken into accountindividuals belonging to a type are treated as homogeneous in their circumstances, and differences in outcomes across types are imputable to differences in circumstances. Thus, the 4 share of total inequality that is related to the inequality due to differences in circumstances is interpreted as the IOO.
Unfortunately, this empirical strategy suffers from a drawback: it provides at best lower bounds of the true IOO. One well-recognized factor leading to this downward bias is that only a subset of all relevant circumstances are observable in available datasets (Ferreira and Gignoux, 2011) . The imprecision in measurement of the outcome variable is another reason recently pointed out by Chavez-Juarez (2015) .
An additional factor possibly adding to the downward bias of IOO estimates is the lack of information about a portion of the population under study. Available data are usually gathered through surveys that likely do not reach the most favored population. If this is the case, sample distributions of outcome variables miss the rightmost section of the right tail of the population distribution. Thus sample distributions of outcome variables erroneously look more homogeneous than the true population distribution. Downward bias in IOO estimates is then a consequence of the smaller variation in the sample distribution. The magnitude of the downward bias depends on how much variation is lost. Loss in variation is likely large because most favored individuals usually reach large outcome values.
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The possible additional bias from not observing top income populations has largely been overlooked in the IOO literature.
6 For instance, Roemer and Trannoy (2013) provide a lengthy, thorough discussion on the limitations stemming from poor quality data. They emphasize on the need of improving survey, particularly in developing countries. They point out the relevance of gathering physical information such as body mass index and psychological information such as mental health indicators and IQ measures. They also highlight how important is to measure achievements of children around the age of consent. But these recommendations aim to improve the gathering of circumstances, overlooking the possible consequences of not observing subpopulations at all.
In this context, a question with very practical implications naturally arises: is there a way to quantify the downward bias of IOO estimates? This paper answers this question by means of Monte Carlo simulations that experimentally manipulate three factors: i) not observing most favored populations; ii) not observing all relevant circumstances; and iii) interaction between not observing neither most favored population and all relevant circumstances. 5 The issue on information about the most favored population not being available in household survey datasets has been discussed before in studies of inequality of outcomes (e.g. Korinek et al. (2006) for the case of the U.S., and Hlasny and Verme (2013) for the case of Egypt) but its implications for the estimation of IOO measures has been overlooked so far. 6 As part of a companion project, we study the impact of an additional empirical issue -living standards across regions. So far, researchers focusing on income or wages have overlooked differences in costs of living across regions of a country. As a consequence, total inequality in income is likely to be overestimated. This is the case because high income individuals usually live in locations with higher costs of living than low income individuals. By not adjusting for differences in purchasing power, high income individuals appear richer than they actually are. Ongoing research is focusing on i) the implications of not adjusting for purchase power on IOO estimates, and ii) the impact of not observing the most favored population on IOO estimates in this context. Implications on the estimation of Growth Incidence Curves from not adjusting for purchase power has been discussed in other studies (e.g. Skoufias and Olivieri, 2013) but it is an overlooked issue in the IOO literature.
While strategies to handle the lack of information about all relevant circumstances already have been proposed (e.g. Niehues and Peichl, 2012) , the interactive impact from this downward bias source and the lack of information about the most favored population has not been studied. Results from Monte Carlo simulations are straightforward: i) loss of information about the most favored population produces negligible downward bias when IOO is large (e.g. 0.978); ii) magnitude of downward bias, however, increases when true IOO decreases -e.g. representing 22% of the true value when true IOO is 0.299; iii) loss of information due to not observing a relevant circumstance may or may not be negligible -the magnitude of the downward bias depends on the variation of the outcome the circumstance can explain by itself; and iv) interaction between not observing neither most favored population and a circumstance increases the magnitude of the downward bias -i.e. there are interactive effects between the two sources of downward bias.
By compiling results from the Monte Carlo simulations carried out in this paper, we are able to observe a strong positive correlation between estimated IOO and the amount of variation in the outcome variable explained by the combination of circumstances (measured by the R 2 ). This association holds both for estimates reported in published studies and under a variety of Monte Carlo scenarios carried out in this paper. This result suggests that in empirical applications, the IOO estimate can be roughly (and quickly) approximated using simple econometric techniques. More importantly, this highlights the steep data requirements of an exercise such as the IOO: only to the extent that variables found in a given survey can explain a larger share of the variation of the outcome of interest, a higher IOO estimate will be estimated.
The rest of this document is organized as follows. Section 2 of this document describes estimation of inequality of opportunity. Section 3 describes the experimental designs behind our Monte Carlo and bootstrapping simulations. Section 4 presents results. Section 5 presents conclusions.
Measurement of Inequality of Opportunity
The estimation of Inequality of Opportunity (IOO) for continuous outcomes followed in this paper relies on the methodology described in Ferreira and Gignoux (2011) . Borrowing Roemer's (1998) model of advantages, assume desirable economic outcomes are defined by three types of characteristics: circumstances (C), effort (E), and luck (u). Circumstances are all variables beyond an individual's control. Effort is captured by variables over which individuals have control and may also be correlated with circumstances. Luck refers to the completely randomly variables affecting economic outcomes. Thus, individuals' outcomes we observe can be written as , ,
As noted by Ferreira and Gignoux (2011) , equality of opportunity in Roemer's sense implies that while outcomes can vary by effort (individuals who exert more effort should be rewarded higher incomes) and luck (situations outside the control of the individual or policy), circumstances should not matter in how the outcomes are distributed. That is, equality of opportunity requires that | , where . is the cumulative distribution function of the outcome of interest. Measuring inequality of opportunity then is equivalent to measure the extent to which | . To measure this difference, this paper employs the ex-ante non parametric approach of equality of opportunity.
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Generally speaking, this approach consists of five steps. First, we define the outcome variable of interest in the survey. In our case, we will focus on individuals' wage earnings. Second, define the set of circumstances that are believed to be relevant to the individuals' observed outcomes. These circumstances include gender, education of the parents, region of birth, etc.
8 Third, allocate individuals into groups or "types" that result from combining circumstances across all their categories. Fourth, calculate the inequality of outcomes from a smoothed distribution (Foster and Shneyerov, 2000) . For this distribution, each individual's outcome (y) is replaced by the group-specific mean for her type. Finally, for both the original distribution of incomes and the smoothed distribution calculate the following ratio:
Where refers to the earnings of individual i, represents the average outcome of individuals who belong to type k, and I() is an inequality index. While any inequality index could be used, it is preferable that the chosen index satisfies the following axiomatic properties: symmetry (anonymity), transfer principle, scale invariance, population replication, and additive decomposability. In turn, for any inequality index satisfying these properties, satisfies: i) the principle of population, i.e. the index is invariant to a replication of the population; ii) scale invariance, i.e. the index is invariant to the multiplication of all circumstances by a positive scalar; iii) normalization, i.e. if the smoothed distribution is degenerate then the index takes a value zero; and iv) within-type symmetry, i.e. the index is invariant to any permutation of two individuals within a type. Our estimate of IOO ( ) is bounded by 0 and 1 and can be roughly interpreted as the share of total inequality that is explained by circumstances. 9 The Inequality index we use here is the mean log deviation (MLD). MLD is defined as 1/ ∑ ln / , where i stands for individual i, is individual i's outcome, and is the overall mean of the outcome variable.
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The reasoning behind estimation of IOO this way assumes that the i) sample distribution of outcome variable resembles population distribution, and ii) all relevant circumstances beyond an individual's control (and used to create the types that partition the population) impact his/her chances of economic development. If this is the case, the grouping strategy creates groups of individuals facing identical circumstances. Thus, differences in outcome across these homogeneous groups reflect differences attributable to differences in circumstances.
Our strategy to explore potential sources of downward bias in IOO estimates is based on a series of Monte Carlo simulations seeking to quantify the consequences of i) not observing all relevant circumstances (i.e. circumstances that affect one's income); ii) not observing individuals in the top of the income distribution (those most favored, the top incomes); and iii) interaction from not observing neither. We describe this approach in detail next.
Studying Inequality of Opportunity in a Simulated Environment i. Pseudo-population
The experimental design is implemented on a simulated population of 200,000 pseudoindividuals. In this population, there are five characteristics that define the individuals. We label these characteristics in the same way we would find relevant variables in a household or individual survey: gender, urban/rural setting, region of birth, father's education, and mother's education. Individuals can be either male or female, live in an urban or rural community, and have been born in one of three regions. Each individual's father's and mother's education fall into one of three possible categories: illiterate, literate, or completed primary or above. Taken together, these five circumstances create (2x2x3x3x3=) 108 mutually exclusive groups or types to which each pseudo-individual belongs. To keep things simple, we assign approximately the same number of individuals to each group.
11
To define the characteristics of each individual in the pseudo-population, we apply the following rules. A pseudo-individual is female with probability 0.52. To assign individuals into other circumstances we considered an "ordering" of groups in which group 1 contains the most disadvantaged individuals and the group 108 contains the most favored individuals. Thus for example, an individual is born from an illiterate father with probability 0.0092 * 109 , where 1,2, … ,108. This pseudo-individual is assigned with probability 1 0.0092 * 109 * 2/3 to a father who reads and writes, and with probability 1 0.0092 * 109 * 1/3) to a father with elementary school or above. A similar 8 assignment is carried out for mother's education. We note that assigning a weight of 1/3 to category 3, the assignment rule aims to resemble a realistic situation in which a smaller portion of the whole population has completed elementary school in comparison to the portion that can only read and write.
Regarding the region of birth, a pseudo-individual is assigned to region 1 (the most advantageous like the capital region of a country) with probability 1 0.0092 * 109 * 1/3 , to region 2 with probability 1 0.0092 * 109 * 2/3 and assigned to region 3 (the least advantageous) with probability 0.0092 * 109 . In this way, pseudo-individuals with larger probabilities of living in the least advantageous region also face the largest probability of having illiterate parents. Finally, assignment to an urban setting follows a reasoning similar to the one used for assignment to regions. The probability that an individual is born in a urban context is 1 0.0092 * 109 * 2/3 . This assignment implies that individuals in the first regions are most likely urban.
To obtain a general idea of the composition of our pseudo-population, Table 1 reports the percentage of pseudo-individuals by circumstances. Percentages in the main diagonal refer to the entire pseudo-population (i.e. 200,000 observations). Percentages outside the diagonal refer to the individuals with the circumstance listed in the corresponding column. For instance, the first element in the diagonal reports that 52% of pseudo-individuals are female, 50% of individuals live in an urban setting, 17% live in region 1, and so on. If we follow column 1, we find that just under 50% of females live in a urban context, or that 33.29% have a father who can read and write. To learn the percentage of pseudo-individuals whose mother and father are both illiterate, we look up such an intersection in Table 1 : 66.64%. Similar calculations can be carried out if interested in learning the number of individuals with a given set of circumstances.
Using the pseudo-population distribution, we define the income generating process of individuals as follows:
85 7 * 3 * 9 * 3 * 4 * 0 * 1 * 2 * 0 3 * 4 *
According to equation (3), average income in the pseudo-population is 85 units in the omitted category. Being female is associated with lower incomes (8.2% lower). Being born in an urban context is a favoring circumstance increasing average income by 3.5 %. Region 1 is the most advantageous region, increasing income by 10.5%. In contrast, pseudo-individuals born in region 3 receive income 4.7% lower than average income, and pseudo-individuals born in region 2 receive 3.5% lower income.
In terms of parents' educational attainment, equation (3) reflects a monotonic increase in income based on increased parents' education. Resembling typical findings from the empirical literature, impacts from parents' education in equation (3) differ by parent. An empirical regularity with respect to whether father's or mother's education impacts most has not been determined but differences have been documented in case studies (see Dickson et al., 2013) . In this simulation, the variable labeled mother's education is associated with higher improvements of income in comparison to the variable labeled father's education. Table 2 presents average income by circumstance across the pseudo-population. Differences across circumstances are evident and consistent with equation (3). For instance, the largest variation is observed across regions (from 80.93 in region 3 to 95.42 in region 1). This distribution of income determines our baseline scenario.
To explore how variations in total inequality impact our simulations, we also simulate an inequality enhanced scenario. The inequality enhanced scenario generates a pseudo population whose income-generating process resembles a context in which, in addition to circumstances, a second inequality inducing process is at play. The relative position of an individual at birth can further affect her income either positively or negatively. If an individual is born at a high income group, the individual's network tends to increase her income. If born in a low income environment (rural setting and the most disadvantageous region), her expected average income further decreases. This stylized description of the negative effect could be consistent with the presence of poverty traps. Particularly, geographical poverty traps. According to these theories, being born in a poverty context reinforce poverty because it permanently limits the decisions available to the poor individual (Kraay and McKenzie, 2014) .
The inequality inducing adjustments are introduced to the data-generating process described in equation (3) and adding non-zero mean normally distributed error terms according to the following rule. 12 Individuals who belong to the bottom 1% experience income decreases by the absolute value of a normally distributed random draw, with mean 15 and standard deviation of 10. The income of individuals between the bottom 1% and the 10 th percentile is decreased by a random draw of a normal distribution with mean and standard of 5. If pseudo-individuals are between the 10 th and 50 th percentiles, their income is changed (either increased or reduced) by a normally distributed draw with mean either 5 (10 th to 25 th ) or 15 (25 th to 50 th ). Standard deviations of these draws are both 10. Individuals above the 50 th percentile increase their income. Individuals who belong to the range between the 50 th and 75 th percentiles, experience an income increase equal to the absolute value of a normal draw from a distribution with mean and standard deviation of 5. For individuals between 75 th and 90 th percentiles, the draw is taken from a normal distribution with mean 15 and standard deviation of 10; for individuals between 90 th and 95 th percentiles, the mean is 20 and the standard deviation is 10; when between 95 th and 99 th , the mean is 40 and the standard deviation is 5; and finally, individuals in the top 1%, the draw is obtained from a normal distribution with mean 60 and the standard deviation is 2. Overall, the final distribution of incomes yields a higher inequality than under the first income-generating process.
ii. Experimental design
The experimental section of the Monte Carlo simulations uses as basis the two incomegenerating processes described above. For each of these, a series of scenarios are developed to study the potential downward bias found in empirical applications of the IOO estimate. Scenarios are created along three possible dimensions: the population effectively observed in the data, the number of observed circumstances, and the true share of inequality of opportunity. Three observed population scenarios are analyzed: a) the entire pseudo-population is observed, b) the top 1% of the income distribution is unobserved, and c) the top 5% of the income distribution is unobserved. Six observed circumstances scenarios are studied: all five circumstances are observed in one scenario, and in each of the remaining five we exclude one circumstance at a time.
Variation in IO share is created by adding a zero-mean, normally distributed error term to the income-generating process (baseline or inequality enhanced). By varying the dispersion of the error added, we obtain different underlying "true" IOO. An error term with standard deviation of 1 produces an IOO of 0.978 in the first data-generating process, and a IOO of 0.326 in the second data-generating process. Standard deviations of 5, 7, 10, 15, and 20 produce IOO estimates of 0.635, 0.468, 0.299, 0.156, and 0.091, respectively, in the first data-generating process. The same standard deviations produce IO shares of 0.272, 0.233, 0176, 0.109, and 0.069 in the second data-generating process. Table 3 describes true inequality measures under each data-generating/error distribution scenario when the entire distribution is observed. Scenarios have been labeled as baseline (panel A) and inequality enhanced (panel B) to highlight the assumptions behind each data-generating process. In the first panel of Table 3 , the true IOO ranges from 0.978 to 0.104, while the corresponding Gini Index ranges from 0.081 to 0.252. An increase in IOO share is associated with a decrease in Gini Index. While this may appear counterintuitive, this results follows from the mechanical increase in relevance of the random component or "luck" when adding zero-mean terms with larger standard errors. Incidentally, column (4) labeled "All" shows the R-squared from an OLS regression of income as the dependent variable and all relevant circumstance categories as regressors. The R-squared obtained when only including one circumstance at a time are also presented in Table 3 ( columns [5]-[9] ). These R-squared show how much variation can each variable explain by itself. Region can explain up to 0.564 of the variation when the IO ratio is 0.978. As we will see below, this feature becomes relevant when analyzing the magnitude of the downward bias.
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As shown in the Table 3 panel B, addition of zero-mean errors results in larger Gini Index measures -ranging from 0.17 to 0.36. In this case, for a given distribution of luck, IOO estimates are smaller in the inequality enhanced scenario. For instance, when the error is distributed with standard deviation of 10, the true IOO is 0.299 (panel A), and only 0.176 in the inequality enhanced scenario (panel B). Figure 1 illustrates distribution of income under each data-generating/luck scenario. Two features are worth highlighting. First, with exception of one distribution, all of them resemble realistic distributions. The exception corresponds to the baseline scenario in which the error component is distributed with unit standard deviation. In this case, the distribution is multimodal, reflecting the fact that the random component (or one's "luck") is relatively small in this scenario and groups of individuals are clearly identifiable when considering their circumstances -R-squared under this scenario is 0.978. A second feature of Figure 1 refers to increase in variation of income under the inequality enhanced scenarios. The larger upper tails under such scenarios are evidence of the larger variation induced by our modeled "poverty traps/networking" effects. This increase in variation is what allows for larger Gini Indexes.
Taken together, the experimental design generates 108 study cases for each data-generating process. 13 The combination of observed population scenarios and observed circumstances scenarios generate a range of cases that perhaps could be thought of going from a close to ideal case to arguably more realistic ones. The ideal case corresponds to the scenario in which researchers have access to all relevant information: the entire pseudo-population is observed and all five circumstances are observed. A layer of realism can then be added by excluding one circumstance at a time. In these scenarios, researchers observe the entire pseudo-population but cannot observe all relevant circumstances. Another layer of realism is added by truncating the observed population. Thus a more realistic scenario may correspond to the case in which researchers do not observe individuals at the top of the income distribution and at least one circumstance. Finally, we also explore whether differences in the underlying (or "true") IOO affect the expected bias of IOO estimates. Table 4 reports results for the baseline data-generating scenario. The table shows, in percentage terms, differences between the true IOO (which we defined implicitly based on the error distribution) and the median IOO estimate from 1,000 simulations.
Results

Monte Carlo simulations
14 Each panel of Table 4 reports differences for each IOO level -i.e. 0.978, 0635, 0.468, 0.299, 0.156, and 0.091. The first row of each panel reports differences obtained when the entire pseudo-population is observed. The second row of each panel reports differences obtained under scenarios in which observations above 99 th percentile are excluded. The third row report the results for the case when the top 5% is not observed. We also present results when the number of circumstances available to the researcher vary: column (1) shows the case when all variables are observed, while subsequent columns present results when one of the relevant circumstances (notes in the column header) is not observed in the data.
A first feature to underscore from Table 4 is that as true IOO decreases, the associated downward bias when a portion of the population is unobserved increases. This increase is monotonic for the case in which all circumstances are observed but not necessarily monotonic under scenarios in which one circumstance is not observed. Figure 2 illustrates the pattern just described. The two lines closest to the horizontal axis illustrate how the downward bias increases when all circumstances are observed but a portion of the population is not observed. When observations above 99 th percentile are not observed, downward bias is close to 0% when true IO share is 0.978 and closer to 10% when true IOO relatively low at 0.091. Under the scenario in which the top 5% is unobserved, the downward bias appears to be a very small (close to 0%) when true IOO is 0.978. However, the bias is just under 20% when the IOO is 0.47 and reaches 26% when the true IOO is 0.097. That is, missing information from the most favored population appears to be a concern at IOO levels of 0.5 and below. This result seems intuitive: if we observe all relevant circumstances, and these circumstances explain a good deal of the variation in inequality, missing 1% or even 5% of the top incomes does not create large bias. As other factors explain the variation in incomes and circumstances explain a lower share, more information is lost when we miss some portions of the population.
A second feature from Table 4 is that, the downward bias increases when there is interaction between missing information from a portion of the population and not observing a circumstance. An example of this is illustrated in Figure 2 , where we plot lines referring to the scenario in which the gender characteristic is not observed. When this information is not observed but the entire population is observed, the downward bias remains practically constant at around 28% across different levels of the true IOO. However, missing 1% of the most favored population is enough to increase downward bias to 36% under the scenario in which true IOO is 0.091. Missing the top 5% incomes increases the bias to around 50% even when the IOO is at mid-level (0.47). Similar patterns can be inferred when studying the downward bias originated in missing other circumstances, as reported by Table 4 . In our simulated pseudo-population, the circumstance explaining the most variation is region (see column [7] of Table 3 ). Accordingly, missing this circumstance produces the largest downward bias -starting at 39 when the entire population is observed and the true IOO is 0.978, and reaching a maximum of 53% when the 5% most favored population is unobserved and the IOO is lowest 0.091.
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A third feature to highlight from Table 4 is that the magnitude of the downward bias seems to increase quickly when the top 5% is missing-even at true IOO "medium range" levels of 0.64 and 0.46. For instance, not observing the father's (mother's) education produces a bias of around 15% (19%) when the true IOO is 0.634. Not observing any of these variables leads to a bias of approximately 20% when the IOO is still as high as 0.468. The bias is notable as it comes from variables that explain less than 10% of the variation in income.
15 Table 5 shows the results for the inequality enhanced scenario. 16 Focusing on the cases where circumstances explain more than 25% of the variation in income (i.e. the top two panels with true IOO higher than 0.25), we see that the biases tend to be larger than in the baseline scenario. Not observing the top 5% of the population leads to a 27% downward bias even if we observe and take into account all the relevant circumstances. Larger biases are present when we fail to observe at least one of the circumstances too. Not observing mother's education produces a 14% bias when the top 1% is missing, and over 33% when the top 5% is unobserved. The largest biases happen when the regional circumstance is not included in the calculation. Even when we observed the full population, not including the region of birth circumstance, the median IOO estimate is 40% lower than the true IOO, when the true IOO is 0.326 and 0.272. Missing the top incomes further exacerbates the problem.
Results from Monte Carlo simulations can be summarized as follows: i) loss of information about the most favored population produces negligible downward bias when IOO is very high (e.g. 0.978); ii) the magnitude of downward bias, however, increases when true IOO decreasese.g. representing 22% of the true value when true IOO is 0.299; iii) loss of information due to not observing a relevant circumstance may or may not be negligible -the magnitude of the downward bias depends on the variation the circumstance can explain by itself and on whether the observed circumstances are correlated with the unobserved circumstance; iv) in contrast to the effect from not observing the most favored population, the magnitude of the downward bias originated in not observing a circumstance does not significantly varies across true IOO values; and iv) interaction between not observing neither the most favored population and a circumstance increases the magnitude of the downward bias.
Simulating with "real" parameters
In the previous section we made an effort to provide scenarios that resemble a real-life scenario: income that is related to circumstances of the individual at varying degrees in the context of varying levels of overall inequality. Here we take an additional step and reproduce the simulation exercise above under conditions that follow income differentials obtained from an actual dataset as a way to establish whether the previous findings would translate into under a more 'realistic' context. We carry out Monte Carlo simulations following a similar reasoning as in the previous section, but the baseline data-generating process follows equation (4). 
where the coefficients in equation (4) closely resemble those obtained from fitting an OLS on natural log of wages observed in the 2012 Egypt Labor Force Survey. Assuming these are all the relevant circumstances, we can add a normally distributed error term to equation (4) and determine what would be the IOO in this hypothetical country. As before, we construct a baseline scenario following equation (4) and an inequality enhanced scenario where lower income individuals are randomly assigned an even lower income and higher individuals can get even higher incomes. Table 6 reports the parameterization of each error term. When adding an error term with standard deviation of 0.1, the corresponding IOO is 0.984. When adding error terms with standard deviation of 0.3, 0.7, 1.0, 1.2, and 1.5, the corresponding IOO are 0.869, 0.543, 0.358, 0.270, and 0.183, respectively. Table 7 and Table 8 report the magnitude of the downward bias under the baseline and inequality enhanced scenarios.
Using as guidance the most recent estimates of the Gini index for Egypt (around 0.30), we focus on the cases where the true IOO is 0.27 in the baseline scenario (next to last panel in Table 7 ) and 0.267 in the inequality enhanced scenario (next to last panel Table 8 ). If we believe that such values are reasonably accurate for the Egyptian case, Table 7 and Table 8 indicate that we may still find ourselves greatly underestimating IOO when we miss the top 1% of the distribution from around 9% in the case we have all the relevant variables, to a substantial 80% when the region of birth is not taken into account. 17 That is, if the true IOO is around 0.30, not controlling for region as a relevant circumstance would lead to and (under-)estimated IOO of 0.06.
Robustness checks
Two additional sets of Monte Carlo simulations are carried out to check the robustness of our results. So far, in both the baseline and inequality-enhanced scenarios IOO decreases as Gini increases (see Table 3 and Table 6 ). This is a mechanical consequence resulting from increasing total inequality through an increase in the variation explained by the error term. Instead, total inequality can be increased by increasing the variation due to a specific variable in equations (3) and (4). In this way, in contrast to what happens in the scenarios analyzed before, IOO increases at the same time as Gini increases. The first set of additional Monte Carlo simulations studies downward bias of IOO estimates by varying the coefficient of the dichotomous variable urban 15 (u) among five values -0, 10, 15, 25, 35, and 50. We label these scenarios as increase-in-IOO scenarios. Table 9 describes the data-generating process and corresponding inequality measures. All six scenarios include a normally distributed error term with mean zero and standard deviation of 10. Figure 3 illustrates the distribution of simulated income under the studied scenarios. Table  10 reports the downward bias under scenarios excluding top incomes and circumstances. Results hold similar to those reported in tables 4, 5, 7 and 8.
A second set of simulations modifies the assumption that the same number of pseudo-individuals fall in each type. Instead, individuals are allocated to types according to a normal distributions that assigns a larger number of individuals to middle-income types and relatively small number of individuals to low-income and high-income types. IOO estimates are carried out under baseline, enhanced and increase-in-IOO scenarios. Table 11 reports the data-generating processes with their corresponding inequality measures. Table 12 , Table 13 , and Table 14 report the downward bias under scenarios excluding top incomes and circumstances. Results hold similar with one nuance: impacts from not observing most favored population is larger in comparison to the case in which individuals are allocated uniformly across types.
The relationship between IOO and R 2
As noted above, one of the main takeaways of the Monte Carlo exercise is that there is a positive correlation between the amount of variation explained by a certain circumstance and the bias that an empirical IOO estimate would suffer with respect to the true value of IOO. A natural question that arises is then, how would the combination of the variation of circumstances observed in the data be correlated with the IOO estimate that we can expect to obtain. To explore this question, we compile information from this study as well as previous studies that have calculated the IOO in other countries. Ferreira and Gignoux (2011) produced a series of IOO estimates for countries in Latin America while focusing on two related outcomes: labor earnings and household income. In turn, World Bank (2015) produced IOO estimates for labor earnings for a few countries in the MENA region. Finally, we use the data generated in our Monte Carlo Simulations and show how the IOO estimate varies with the R 2 of a simple OLS regression of the outcome of interest on all the circumstances used in the estimation of IOO. Figure 4 presents the results of this compilation and shows a clear pattern. There is a strong positive correlation between the IOO estimated and the amount of variation of earnings (wages, or household income) explained by the combination of circumstances (measured by the R 2 ): plotting the IOO estimates and corresponding R 2 yield almost all the data points along the 45 degree line. This result could imply that in empirical applications, the IOO estimate can be roughly (and quickly) approximated using simple econometric techniques. More importantly, this highlights the steep data requirements of an exercise such as the IOO: only to the extent that variables found in a given survey can explain a larger share of the variation of the outcome of interest, a higher IOO estimate will be reached.
Conclusions
Results from Monte Carlo simulations carried out in this paper are straightforward: i) loss of information about the most favored population produces negligible downward bias when IOO is large (e.g. 0.978); ii) the magnitude of downward bias, however, increases when true IOO decreases -e.g. representing 22% of the true value when true IOO is 0.299; iii) loss of information due to not observing a relevant circumstance may or may not be negligible -the magnitude of the downward bias depends on the variation the circumstance can explain by itself; iv) in contrast to the effect from not observing the most favored population, the magnitude of the downward bias originated in not observing a circumstance does not significantly varies across true IOO values; and v) interaction between not observing the most favored population and not observing a circumstance increases the magnitude of the downward bias -i.e. there are interactive effects between the two sources of downward bias. These results imply that strategies proposed to handle the lack of information about all relevant circumstances (e.g. Niehues and Peichl, 2012) may not fully take into account the downward bias originated in the lack of information about top income populations.
Importantly, when pseudo-individuals are not allocated uniformly across types, loss of information about the most favored population has a larger impact than in the scenario in which they are allocated uniformly. This is relevant because a non-uniform distribution is more likely observed in real world applications.
As a by-product of the Monte Carlo simulations carried out in this paper, we are able to observe a strong positive correlation between estimated IOO and the amount of variation in the outcome variable explained by the combination of circumstances (measured by the R 2 ). This association holds both for estimates reported in published studies and under a variety of Monte Carlo scenarios carried out in this paper. This result suggests that in empirical applications, the IOO estimate can be roughly (and quickly) approximated using simple econometric techniques. More importantly, this highlights the steep data requirements of an exercise such as the IOO: only to the extent that variables found in a given survey can explain a larger share of the variation of the outcome of interest, a higher IOO estimate will be estimated. Notes: Percentages in the diagonal refer to the entire pseudo-population (200,000). Non-diagonal percentages refer to the population with the circumstance listed in the column. Notes: Data generating process is presented in equation (3). Error terms listed in the first column are randomly added to equation (3) to induce variation in incomes across individuals. R-squared is obtained from an OLS regression using income as the dependent variable and the specified circumstance as regressors. MLD is the mean log deviation, IOO is the ratio of the smoothed distribution MLD and total MLD. All estimates are based on observing the full income distribution (i.e. no truncation). .25 Notes: Results based on 1,000 simulations. Baseline scenario refers to data-generating process described by equation (3) Notes: Data generating process is presented in equation (4). Error terms listed in the first column are randomly added to equation (4) to induce variation in incomes across individuals. R-squared is obtained from an OLS regression using ln(income) as dependent variable and circumstances included in equation (4) as explanatory variables. MLD is the mean log deviation, IOO is the ratio of the smoothed distribution MLD and total MLD. All estimates are based on observing the full income distribution (i.e. no truncation). True IO share = 0. .23 Notes: Results based on 1,000 simulations. Baseline scenario refers to data-generating process described by equation (4). Results based on 1,000 simulations. Inequality enhanced scenario refers to data-generating process described by equation (4), modified as explained in section describing simulation with "real" parameters. Notes: Data generating process is presented in equation (3). All six scenarios include a normally distributed error term with mean zero and standard deviation of 10. R-squared is obtained from an OLS regression using income as the dependent variable and the specified circumstance as regressors. MLD is the mean log deviation, IOO is the ratio of the smoothed distribution MLD and total MLD. All estimates are based on observing the full income distribution (i.e. no truncation). Notes: Results based on 1,000 simulations. Increase-in-IOO scenarios refer to data-generating process described by equation (3), modified as described in robustness checks section. Notes: Results based on 1,000 simulations. Baseline scenario refers to data-generating process described by equation (3), modified as described in robustness checks section. Notes: Results based on 1,000 simulations. Enhanced inequality scenario refers to data-generating process described by equation (3), modified as described in robustness checks section. Notes: Results based on 1,000 simulations. Increase-in-IOO scenario refers to data-generating process described by equation (3), modified as described in robustness checks section. Source: Authors' compilation using data from this study (LIMC, 2015) , Gignoux (2011) and World Bank (2015) study in inequality in the MENA region. Notes: The results from LIMC (2015) are obtained from the Monte Carlo simulations in Table 3 's Baseline scenarios (labeled MC -B) and Inequality enhanced scenarios (MC -IE) and Table 6 's baseline scenario (MC -EGY).
